Introduction
The relative strengths of industry versus country factors can be of major importance for global equity portfolio managers. If country effects dominate, then primary consideration can be given to the country allocation decision. On the other hand, if global economic integration is reducing the distinctions between countries, then an industry-first investment process may be more appropriate.
One early study of the relative strength of industries versus countries was provided by Grinold, Rudd, and Stefek (1989) . They regressed monthly local excess returns (currency hedged) against a set of global factors that included 24 countries, 36 industries, and four styles. They showed that country factors had higher statistical significance and greater explanatory power than industry factors over the period [1983] [1984] [1985] [1986] [1987] [1988] . Heston and Rouwenhorst (1995) also investigated the question of industries versus countries, but focused instead on developed Europe. They regressed monthly stock returns (in German marks) against a set of 7 industry factors and 12 European countries. Using equal-weighted regression (i.e., ordinary least squares), they found that country factors were more volatile than their industry counterparts over the time period 1978-1992. In a subsequent study, Rouwenhorst (1999) performed monthly cap-weighted regressions of developed European stock returns (in German marks) against a set of 7 industry factors and 12 country factors during the sample period . He found that country factors were more volatile than industry factors over the 20-year sample period. He also introduced mean absolute deviation (MAD), given by the cap-weighted mean absolute factor return, as a way to measure the relative strength of industries versus countries. Using this measure, Rouwenhorst once again found that countries in developed Europe consistently dominated industries during the period 1978 -1998 . Cavaglia, Brightman, and Aked (2000 studied the relative strength of industries versus countries, but considered a broader universe comprising 21 global developed markets and 36 industries. They performed weekly cap-weighted regressions using local excess returns to remove the effects of currencies. Employing MAD to measure the strength of the factors, they found that industries had overtaken countries by the late 1990s.
Another notable study was carried out by Estrada, Kritzman, and Page (2006) , who investigated the strength of industries versus countries in emerging markets. Using a bootstrapping statistical procedure with annual US dollar returns as inputs, they examined the return dispersion of simulated portfolios and concluded that country effects dominated industries in emerging markets over the period 1989-2002. More recently, Menchero and Morozov (2011) studied the contributions to cross-sectional volatility coming from styles, industries, and countries. They conducted monthly cross-sectional regressions (capweighted) from 1994-2010 on a universe of securities comprising 24 developed markets and 24 emerging markets. They reported that countries dominated industries from 1994 to 1999. From 1999 to 2003, however, the situation reversed, with industries dominating countries. Since 2003, they reported that the two effects were more or less comparable. Surprisingly, they found that during periods of market turmoil, style factors actually made the greatest contribution to cross-sectional volatility.
These previous studies shed light on the relative importance of industries versus countries in various segments of the global equity markets. Nonetheless, differences in methodology, analysis periods, weighting schemes, observation frequencies, and explanatory variables make it difficult to directly
Model and Methodology
A basic problem that must be immediately faced by any researcher investigating industries and countries is how to disentangle the two effects. For instance, roughly half of the market capitalization of the automobile sector is based in Japan. Similarly, about 40 percent of the Norwegian equity market is contained within the energy sector. How can one disentangle the energy effect from the Norway effect, or the Japan effect from the automobile effect? Factor models are designed for this purpose.
To investigate the relative importance of countries and industries across the entire world, we construct a global factor model containing one world factor, 48 country factors, 24 industry factors, and eight style factors. The estimation universe is the MSCI All Country World Investable Market Index (ACWI IMI), which broadly reflects the full range of investment opportunities in developed and emerging markets. Every stock is assigned an exposure of 1 to the world factor. The 48 country factors in the global model correspond to the set of all countries within the MSCI ACWI IMI as of October, 2008. Country exposures are given by 0 or 1, in accordance with official MSCI classification. The industry factors are taken to be the 24 industry groups of the Global Industry Classification Standard (GICS ® ), with exposures given by 0 or 1. The eight style factors are derived from the Barra Global Equity Model, GEM2, as described by Menchero, Morozov, and Shepard (2010) . However, in order to avoid introducing possible biases that may favor either countries or industries, we standardize all style factors on a global-relative basis. The eight style factors are volatility (essentially representing market beta), size, momentum, value, growth, leverage, liquidity, and non-linear size.
We perform both weekly and monthly cross-sectional regressions to estimate factor returns. Weekly factor returns are used to estimate factor volatilities (with an 18-week half-life) and factor correlations (with a 104-week half-life), while monthly factor returns are used to compute the MAD measure for industries and countries. In all regressions, we use local excess returns; this eliminates currency effects and allows us to compare countries and industries on a level playing field. Finally, we adopt market capitalization for the regression weights, as this better reflects the opportunity set for global investors.
In Table 1 , we list the 48 countries and 24 industries contained within our global model. We also report the average beginning-of-month weight and average volatility forecast for each country and industry during the period January 1997 to September 2010. The first three columns correspond to the 24 developed market countries, the next three columns are for the 24 emerging market countries, and the final three columns pertain to the 24 industry groups.
Industry factors, by contrast, exhibit no strong relationship between the size of the industry and the corresponding volatility. For instance, although the most volatile industry (semiconductors) is relatively small, the second most volatile industry (energy) is one of the largest. Furthermore, the smallest industry (commercial services & supplies) turns out to be the least volatile industry factor.
Rather than compare the equal-weighted mean volatility of factors, which make countries appear far more important than industries, it is more relevant to compare the cap-weighted means. For countries, the cap-weighted mean volatility is 9.33 percent, versus 8.96 percent for industries. By this measure, therefore, the strength of industries and countries appears roughly comparable within the 48-country global model during the sample period considered.
Factor Portfolios
Local excess stock returns n r within our global factor model are decomposed as Note that the regression in Equation 1 contains two exact collinearities. Namely, the sum of country factor exposures replicates the world factor exposure, and likewise for the sum of industry factors. Therefore, two constraints must be applied to obtain a unique solution. We set the sum of cap-weighted country and industry factor returns to zero every period, which leads to an intuitive interpretation of the factors as we now describe them.
msci.com Factor returns can be represented as the returns of factor-mimicking portfolios,
where kn  is the weight of stock n in factor portfolio k . Note that the factor portfolios are pure in the sense that they isolate the effect of the particular factor, while maintaining zero exposure to all other factors.
In Table 2 , we present segment weights of several pure factor portfolios for June 2009. Under the model specification described above, the pure world factor portfolio is exactly represented by the capweighted estimation universe. For instance, the pure world factor has a weight of 10.72 percent in Japan, which corresponds to the weight of Japan in the estimation universe. With the exception of the fully invested world factor, all other factor portfolios are zero-investment in the sense that their weights sum to zero. The pure country factor portfolios are 100 percent long the particular country, 100 percent short the world portfolio, and have zero exposure to every industry and style factor 1 . Similarly, pure industry factor portfolios are 100 percent long the particular industry, 100 percent short the world portfolio, and have zero exposure to every country and style factor. Finally, pure style factors have unit exposure to the particular style, and zero exposure to every other style factor, country, and industry.
This regression approach cleanly disentangles the effects of multi-collinearity, and captures the pure effect for every factor. For instance, we can now discuss the performance of Norway net of energy, or the performance of automobiles net of Japan. For a more thorough discussion of factor portfolios, see Menchero (2010) .
To investigate the strength of industries versus countries in emerging markets, we construct a factor model identical to the global factor model described above except that we limit the estimation universe to the 24 emerging-market countries contained in Table 1 . Similarly, to study developed Europe, we construct a factor model with an estimation universe consisting of the 16 developed European countries listed in the first column of Table 1. Note that the emerging-market model and the developed-Europe model each contain the same eight style factors and 24 industry groups as in the 48-country global model.
Diversification Potential
An important measure of diversification is the volatility ratio between a portfolio that is fully invested in a single industry or country and one that is diversified across the entire world. To cleanly disentangle the effects of multi-collinearity, however, we must employ pure factor portfolios. Unlike the pure factor portfolios considered previously, which had net weights of zero, we now construct full-investment pure factor portfolios.
From Table 2 , observe that by adding the world factor to a pure country factor (e.g., Japan) we obtain a portfolio that is 100 percent net long the particular country, has zero exposure to every style factor, and is industry neutral in the sense that the industry weights match those of the world portfolio. Similarly, by msci.com © 2011 MSCI. All rights reserved. Please refer to the disclaimer at the end of this document
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The return k f  of the full-investment pure factor is given by,
where k f is the return of the zero-investment pure factor. The variance 2 k  of the full-investment factor portfolio is given by the standard expression,
where w  is volatility of the world factor, k  is volatility of the zero-investment factor, and kw  is correlation between the zero-investment factor and the world factor.  is perpendicular to the line labeled w  . In practice, the correlations kw  tend to be fairly small for two reasons: first, the factors k f have net zero weight, and hence zero exposure to the world factor; second, the factors have zero exposure to the volatility factor, which to a good approximation translates into zero beta relative to the world factor.
We define diversification potential for a single country k as the volatility ratio k w    . This measures, net of industries and styles, the reduction in volatility that can be achieved by diversifying the portfolio across the world instead of concentrating it within a single country. Diversification potential can be aggregated across all countries to obtain ( )
where k w is the weight of country k . Diversification potential for industries ( ) DP I can be similarly defined. By comparing diversification potential for industries and countries, we obtain a measure of the relative strength of the two effects. The factor correlation kw   can be aggregated across countries to obtain
with a similar expression holding for industries. By comparing mean factor correlations for industries and countries, we obtain a measure for the relative strength of the two effects.
Mean Absolute Deviation Rouwenhorst (1999) proposed using mean absolute deviation (MAD) as a measure of the relative strength of industries versus countries. For countries, MAD(C) is defined as the cap-weighted average of the absolute value of the country factor returns,
with a similar definition for industries. The MAD can be thought of as the return on a "perfect-foresight" strategy that takes long positions in factor portfolios that earn positive returns and short positions in factor portfolios that earn negative returns.
The MAD measure is complementary to the factor correlation and diversification potential measures. Whereas the latter two quantities depend directly on the volatility of the world factor, MAD depends only on the magnitude of the factor returns. Furthermore, factor correlation and diversification potential represent risk-based measures, whereas MAD is a return-based measure. An advantage of return-based measures is that they require no risk forecast, and therefore longer histories can be obtained 2 .
2 Generally, several years of factor returns are required before reliable risk forecasts can be obtained.
Empirical Results
In Figure 2 , we report diversification potential and factor correlation for the 48-country global model. The analysis period is January 1997 through September 2010. One striking feature of Figure 2 is that diversification potential and factor correlation are essentially mirror images of one another. This is reassuring, since both measures lead to the same conclusions. It also implies that the correlations kw  are small on average.
For the 48-country global model, we see that countries dominated industries during 1997-1999. With the onset of the internet bubble in 1999, however, industries began to dominate countries for several years. Since 2003, country and industry effects have been roughly comparable, with perhaps countries retaining a small edge. These results are consistent with those reported by Menchero and Morozov (2011) using the cross-sectional volatility framework.
It is also interesting to observe in Figure 2 that correlation hits an all-time low during the internet crisis. This is contrary to conventional wisdom that "all correlations go to 1 during a crisis." This effect, however, can be understood by the nature of the crisis. That is, the internet crisis was characterized not so much by an increase in the volatility of the world factor, but rather by a divergence in the performance of "old economy" and "new economy" stocks. This is to be contrasted with the financial crisis of 2008, during which correlation did reach an all-time high due to the dominating effect of the world factor.
In Figure 3 , we show diversification potential and factor correlation for the 24-country emerging market model. Once again, the two measures are essentially mirror images of one another, and thus lead to the same conclusions. For emerging markets, countries consistently dominated industries over the entire sample period. This result is in line with intuition and consistent with the findings of Estrada, Kritzman, and Page (2006) . It is also interesting to note in Figure 3 the clear secular trend toward decreasing diversification potential and increasing correlation among emerging markets. This supports the view that emerging markets are steadily integrating with the global economy.
In Figure 4 , we present diversification potential and factor correlation for the 16 countries of developed Europe. During 1997-1998, industries and countries were approximately of equal strength. However, coinciding roughly with the introduction of the Euro in 1999, industry effects began to strongly dominate country effects. During the internet bubble period, diversification potential for industries was particularly high. The strong industry domination of countries in developed Europe post-1999 supports the view that developed Europe has become a tightly integrated economic zone where distinctions between countries are relatively small compared to the differences among industries.
We now turn our attention to analyzing the relative strengths of industries versus countries through the lens of mean absolute deviation (MAD). As noted, MAD provides additional history compared to riskbased measures. In Figure 5 , we report rolling 12-month MAD from Figure 2 , however, it is impossible to determine whether this was caused by weak industry and country factors, or by a highly volatile world factor. Figure 5 clearly illustrates that it was the latter case, since both industry and country factors were quite strong in 2009.
It is interesting to compare our MAD results with those of Cavaglia, Brightman, and Aked (2000) . They computed MAD using weekly cap-weighted regressions during the period 1989 to 1999. Qualitatively, the trends we observe during the overlap period (1994) (1995) (1996) (1997) (1998) (1999) are very similar to theirs. The main difference is that they witness industry factors surpassing countries as early as 1997, whereas we observe the same effect roughly two year later.
There are two main explanations to account for this difference. First, our model contains eight style factors, whereas their model contained none. During the late 1990s, much of the performance differential between "old-economy" and "new-economy" industries could be explained by style factors. Excluding style factors from the model, therefore, would likely increase industry volatility relative to country volatility.
The second reason why Cavaglia, Brightman and Aked observed relatively stronger industry effects lies with their choice of estimation universe. They selected the MSCI World Developed Markets Index, whereas we use the much broader MSCI ACWI IMI, which includes both emerging markets and small-cap stocks. Adding emerging markets to the estimation universe has the effect of boosting the average diversification potential of countries. Furthermore, as we discuss in greater detail below, adding smallcap stocks to the estimation universe serves to decrease the average diversification potential of industries.
In Figure 6 , we report MAD for the 24-country emerging-market model. The sharp increase in country MAD during the Asia crisis of 1997 and the Russian default of 1998 is clearly visible in Figure 6 . Overall, the MAD results are consistent with diversification potential and factor correlation in Figure 3 . That is, in emerging markets, countries have consistently dominated industries over the sample period.
In Figure 7 , we report MAD for developed Europe. The results are again consistent with the diversification potential and factor correlation presented in Figure 4 . Namely, since 1999, industries have strongly dominated countries in developed Europe. During 1994 During -1998 , however, Figure 7 shows that countries dominated industries by a small margin. It is also interesting to note that industry MAD for developed Europe peaked in 2000, the same year as for the 48-country global model ( Figure 5 ) and the emerging-market model ( Figure 6 ).
We now compare our results with those of Rouwenhorst, who also computed MAD for developed Europe from 1978 to 1998. During the four-year overlap period (1994) (1995) (1996) (1997) (1998) , Rouwenhorst reports country effects dominating industries by wide margin, whereas Figure 7 shows countries dominating industries only slightly. There are several possible explanations to account for this qualitative difference. First, Rouwenhorst smoothed his results using a 36-month moving average (versus 12 months for our study), which has the effect of damping the major increase in industry strength that we observe beginning in 1997. Second, Rouwenhorst used a coarse set of 7 industry factors, versus 24 used in our study; it is likely that the coarser set used by Rouwenhorst fails to capture significant sources of equity return co-movement. Finally, Rouwenhorst utilized base currency returns (in German marks) for his study. By contrast, we used local excess returns (currency hedged) in order to compare industries and countries on an equal footing. Naturally, using base currency returns makes country effects appear relatively stronger compared to industries.
Market Capitalization Dependencies
Thus far, our results have been based on cap-weighted regressions and cap-weighted segment averages (Equation 5 ). This strongly tilts the description towards large-cap stocks, which best reflect the investment opportunities for most global investors. Small-cap managers, on the other hand, are primarily interested in how these results translate to the small-cap universe.
Our framework can be easily extended to describe the behavior of small-cap stocks via the following model specification: (a) we perform ordinary least squares regression, which assigns equal weight to every stock, (b) we set the regression-weighted 3 sum of industry and country factor returns to zero each period, and (c) we standardize the style factor exposures to be equal-weighted mean zero. We refer to this as the "equal-weighted" regression model. Under this model specification, the return of the world factor is simply the equal-weighted return of the estimation universe. Industry (country) factor portfolios go long for the equal-weighted industry (country) and short for the equal-weighted world portfolio, while maintaining zero weight in every country (industry) and zero exposure to every style. Since small-cap stocks greatly outnumber large-cap stocks, this model specification essentially probes the small-cap universe.
In Table 3 , we report average diversification potential from January 1997 to September 2010 for the 48-country global model, under a variety of weighting schemes. We consider both cap-weighted and equal-weighted regression models. For the segment weighting in Equation 5, we also consider both capitalization weighting and equal weighting.
Under the full cap-weighted model, we see that the diversification potential for industries and countries is 1.18 and 1.20, respectively. These values represent the time-series averages of the curves shown in Figure 2 . Table 3 also reports diversification potential for the case of cap-weighted regressions and equal-weighted segments (Equation 5). Interestingly, the diversification potential for industries (1.17) remains nearly unchanged, while for countries it increases dramatically to 1.65. This represents the same effect we observed in Table 1 : namely, small countries generally have much higher volatility and diversification potential, whereas such a relationship does not hold for industries.
For the small-cap manager, the most relevant and interesting case to consider is equal-weighted regression. From Table 3 , we see that when we perform equal-weighted regression while maintaining equal-weighted segment averages, the diversification potential of industries drops dramatically to 1.09. By contrast, country diversification potential is reduced only slightly to 1.58.
To investigate why equal-weighted regressions dampen industry effects more than country effects, we compute for each factor the volatility ratio of zero-investment pure factors using equal-weighted and cap-weighted regressions. The mean volatility ratio for country factors at time t is given by 
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and C K is the number of country factors. We adopt a similar expression for the mean industry volatility ratio.
In Figure 8 , we plot the mean volatility ratio versus time for industries and countries. For countries, the mean volatility ratio was approximately 1.0 over most of the sample period. This shows that country effects were equally important for both small-cap and large-cap stocks. For industries, by contrast, the volatility ratio was much lower, ranging from 0.6 to 0.8. This demonstrates that, over the sample period, industry effects were consistently much weaker for small stocks than for large ones. These results support the view that, all else being equal, a country-first investment approach may be more appropriate for global small-cap managers.
Summary
We have investigated the relative strengths of industries versus countries in the global equity markets. We considered three regions: (a) a 48-country global model comprising both developed and emerging markets, (b) a 24-country model for emerging markets, and (c) a 16-country model for developed Europe. In emerging markets, we found that countries consistently dominated industries since 1994. In developed Europe, industries have strongly dominated countries since 1999. Globally, the result is more balanced, with industries dominating for some periods and countries dominating in others. We also studied market capitalization dependencies in the relative strength of industries versus countries. We found that for small-cap stocks, industry effects become relatively weaker, whereas country effects retain their full strength. 
Figure 1
Geometric interpretation of factor portfolio risk. The lengths of the lines labeled w  , k  , and k  represent the volatilities of the world factor, the zero-investment pure factor, and the full-investment pure factor, respectively. The correlations are given by the cosines of the angles. 
